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To assess whether temporal subtraction (TS) images of brain CT improve the detection of 
suspected brain infarctions. 
 
Methods: 
Study protocols were approved by our institutional review board and informed consent was 
waived due to the retrospective nature of this study. Forty-two sets of brain CT images of 41 
patients, each consisting of a pair of brain CT images scanned on two time points (previous 
and current) between January 2011 and November 2016, were collected for an observer 
performance study. The 42 sets consisted of 23 cases with a total of 77 newly developed brain 
infarcts or hyperdense artery signs confirmed by two radiologists who referred to additional 
clinical information, and 19 negative control cases. To create TS images, the previous images 
were registered to the current images by partly using a non-rigid registration algorithm, then 
subtracted. Fourteen radiologists independently interpreted the images to identify the lesions 
with and without TS images with an interval of over 4 weeks. A figure-of-merit (FOM) was 
calculated along with the jackknife alternative free-response receiver operating characteristic 
analysis. Sensitivity, number of false positives per case (FPC), and reading time were 
analyzed by the Wilcoxon signed-rank test. 
 
Results: 
The mean FOM increased from 0.528 to 0.737 with TS images (P<0.0001). The mean 
sensitivity and FPC improved from 26.5% and 0.243 to 56.0% and 0.153 (P<0.0001 and 
P=0.239), respectively. The mean reading time was 173 seconds without TS and 170 seconds 
with TS (P=0.925).  
 
Conclusion: 










・Although it is established that MRI is superior to CT in the detection of strokes, the first 
choice of modality for suspected stroke patients is often CT. 
・An observer performance study with 14 radiologists was performed to evaluate whether 
temporal subtraction images derived from a non-rigid transformation algorithm can 
significantly improve the detectability of newly developed brain infarcts on CT. 
・Temporal subtraction images was shown to significantly improve the detectability of newly 
developed brain infarcts on CT. 
 
Abbreviations and acronyms: 
TS; temporal subtraction  
FOM; figure of merit 
FPC; false positives per case 
DWI; diffusion weighted imaging 
ADC; apparent diffusion coefficient 
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FLAIR: fluid attenuation inversion recovery 
HAS; hyperdense artery sign 
EHL; early hyperacute lesion 
CCL; cerebral cortex lesion 
DWML; deep white matter lesion 
AFROC; alternative free-response receiver operating characteristic 
JAFROC; jackknife alternative free-response receiver operating characteristic 
SNR; signal-to-noise ratio 
CNR; contrast-to-noise ratio 




The detection of fresh brain infarctions on CT is often a challenging task. Several 
reasons may be attributable. First, for the infarcted brain tissue to be conspicuous on CT, at 
least 6 hours after onset must elapse. Prior to this, the infarcted lesions may be depicted as 
subtly attenuated areas known as early CT signs, but considerable expertise is required for 
their detection [1–4]. Second, previous infarcts and chronic ischemic changes, which are 
likely present in patients with a high risk of ischemic events, often obscure fresh infarcts, 
especially in the deep white matter. Third, CT is prone to beam hardening artifacts which 
often hinder the detection of infarcts, particularly in the brain stem [5]. MRI suffers less from 
these disadvantages because DWI, and especially ADC maps, can elucidate fresh infarcts as 
rapidly as within an hour after onset in some cases [6]. Naturally, it is well established that 
MRI outperforms CT in the detection of strokes [7, 8]. Nevertheless, CT remains to be the 
first choice in many medical institutions due to its shorter acquisition time, better 
accessibility, fewer contraindications and lower cost [9]. 
The TS technique is one of the CAD techniques in which images are obtained by 
subtraction of two different sets of CT images to enhance the interval changes between them 
(hereafter, the two sets of CT are referred to as previous and current CTs). The two images 
must be registered before subtraction can be performed, and this can roughly be done in three 
ways – rigid, affine or non-rigid registration [10]. With rigid or affine transformation, subtle 
changes such as progression of brain atrophy or dilatation of the ventricles cause 
misregistrations, whereas non-rigid registration can cope with these subtle changes and 
generate higher quality subtraction images (Fig. 1). 
TS has been shown to improve the detection of lung nodules on plain radiographs 
and thoracic CT, and TS with non-rigid registration similar to the method used in our study 
has been shown to improve detection of bone metastases on CT [11–14]. However, to the best 
of our knowledge, there is no report that has applied a TS technique to brain CT for the 
detection of newly developed brain infarcts. In this study we developed a TS technique for 
brain CT by use of a non-rigid image registration algorithm called LDDMM [15], and 




Materials and Methods 
Subject Population 
Our clinical database was searched for radiology reports written between January 
2011 and November 2016 with “infarct” as the keyword and “MR” as the modality. Next, for 
each candidate sequentially, pairs of brain CT images were searched that matched the 
following criteria: (i) scanned on two distinct time points, (ii) stored as thin-slice images (≤ 
1mm), (iii) the presence of at least one low density area, regardless of size, in the brain 
parenchyma depicted only on the current CT, suggestive of a newly developed infarct 
between the two time points, and (iv) the absence of any focal lesions other than infarcts, 
such as tumor or hemorrhage. The exclusion criterion was TS image generation failure. The 
selected image pairs were retrospectively reviewed and their lesions were confirmed by 
consensus of two radiologists. The confirmation of an infarction was achieved by identifying 
high signal intensities in the suspected infarcted area on DWI (B=1000) images and lower 
apparent diffusion coefficient values relative to the surrounding brain parenchyma when DWI 
images scanned within 5 days before or after the current CT were available, or by identifying 
isolated high signal intensities in the suspected infarcted area on FLAIR images scanned after 
the current CT were available. Additionally, all available clinical information including charts 
and future images was referred. 
As control cases, our database was sequentially searched for pairs of brain CT 
images scanned between April 2013 and October 2016 that matched the first, second and 
fourth criteria for infarction-positive cases, but with no apparent newly developed infarcts. 
 
Subset Analysis 
To investigate whether our TS technique can enhance the detection of not only old 
infarcts that developed between the current and previous CTs but fresh infarcts as well, a 
subset of the whole data set was created whose positive cases consisted only of infarcts 
confirmed by DWI. The control group was kept the same. In addition, the following lesions 
were searched from the whole data set and their subset analyses were performed: HAS, 
defined as a high density area on the cerebral artery indicative of a thrombus; EHL, defined 
as an infarct depicted as a vaguely attenuated area on the current CT which was scanned less 
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than 6 hours after onset, whose location matched the high signal intensity on DWI images,  
and suspected of causing the symptom; CCL, defined as an infarct which was mainly located 
on the cerebral cortex; DWML, defined as an infarct which was located in the deep white 
matter. All lesions were determined by consensus of two radiologists. 
 
Temporal Subtraction Technique 
TS images were generated in brief by the following steps: (i) registration of the 
previous CTs to the current CTs by rigid transformation followed by LDDMM and (ii) 
subtraction of the transformed previous CTs from current CTs. The details of the image 
processing are described in the online supplement material. 
 
Image Interpretation Session 
Fourteen readers consisting of 11 radiologists and 3 radiology residents with 3–25 
years of clinical experience, independently interpreted two groups of thin-slice brain CT 
images: (A) 42 sets of current and previous CTs and (B) 42 sets of current, previous, and TS 
CTs. An in-house image viewer running on a Windows PC (Windows 10, Intel Core i7, 16 
GB RAM) was used for the interpretation session. In order to reduce memory bias, randomly 
assigned seven and remaining seven readers were scheduled to interpret image groups A and 
B in their first session, then B and A in the second session, respectively, with an interval of 
more than four weeks between the two sessions. The order of the image sets was randomized 
for each reader. In order to control practice effects, readers were trained to the image viewer 
using six training cases prior to an actual observer study. The readers were blinded to all 
clinical data. The readers were asked to mark suspicious newly developed brain infarcts and 
intracranial thrombi with a likelihood level of diagnosis (1 to 100%). No limits were set to 
the size of the lesion to mark or to the time allowed for interpretation of the images. If a 
single lesion was considered marked several times, the mark with the highest likelihood level 
was treated as the response. After interpretation of each case, the readers were asked to rate 
the confidence level of their interpretation (Survey 1: 1, very low; 2, low; 3, moderate; 4, 
high; 5, very high) and the usefulness of TS images (Survey 2: 1, useless; 2, not very useful; 
3, somewhat useful; 4, very useful; 5, extremely useful) for each case. Reading time for each 




The lesion-based sensitivity, case-based sensitivity and specificity, number of FPC, 
reading time and confidence level were compared between the two sessions using the 
Wilcoxon signed-rank test. For lesion-based analysis, a lesion with 51% or higher likelihood 
of being an infarct was considered positive. For case-based analysis, cases with at least one 
positive lesion were considered positive. To evaluate observer performance, a FOM, 
equivalent to the area under the AFROC curve, was calculated along with the JAFROC 
analysis. Simply put, the AFROC curve is a lesion-based version of the ROC, which is a 
case-based analysis [16, 17]. The analysis was conducted using the freely available JAFROC 
software (JAFROC, version 4; http://www.devchakraborty.com) with a random-readers and 
random-cases model [17]. Changes in the sensitivity for HAS, EHL, CCL, and DWML 
between with and without TS images were analyzed with the Wilcoxon signed-rank test. 
 
Results 
Twenty nine pairs of brain CT images of 28 patients matched the inclusion criteria 
by the search through our image database. No pairs matched the exclusion criteria, and 6 
pairs were randomly chosen as training cases. The retrospective review of the remaining 23 
pairs by the two radiologists revealed a total of 77 lesions. The 77 lesions comprised 74 brain 
suspected infarcts in 23 cases and 3 HAS in 3 cases. The 74 infarcts included 5 EHLs, 23 
CCLs, and 9 DWMLs. The 3 HAS comprised two hyperdense middle cerebral artery signs 
and one hyperdense anterior cerebral artery sign. Of the 74 infarcts, 52 (70.3%) infarcts in 22 
cases, including 5 EHLs in 5 cases, were confirmed by DWI to be infarcts that developed 
between the previous and current CTs. Of the remaining 22 infarcts, 13 (17.6%) infarcts in 5 
cases were confirmed by FLAIR, 7 (9.5%) infarcts in one case were confirmed by future CT, 
and the remaining 2 (2.7%) infarcts in 2 cases were determined by previous and current CTs 
only. The mean size of the identified brain infarcts was 15.1 mm ± 18.0 and the number of 
infarcts per infarction-positive case was 3.2. A detailed list of all positive cases is shown in 
Table 1 and the statistics of the cases are summarized in Table 2. 
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The processing time for image registration with LDDMM for each case ranged 
from 664.2 to 2343 seconds while the mean was 1189 seconds. There were no apparent 
registration failures.  
The FOM, lesion-based sensitivity, case-based sensitivity and specificity, FPC, 
reading time, and results of the two surveys for the 14 radiologists are shown in Table 3. The 
mean AFROC plot of all readers is shown in Fig. 2. The FOM improved for all radiologists. 
The mean FOM significantly improved from 0.528 to 0.737 (P<0.0001). The mean sensitivity 
on a lesion-based analysis significantly increased from 26.5% (286/1078) to 56.0% 
(604/1078) (P<0.0001) with the addition of TS images. The mean FPC decreased from 0.243 
to 0.153 (P=0.239). The mean sensitivity on a case-based analysis significantly increased 
from 52.8% (170/322) to 78.0% (251/322) (P<0.0001) and the mean specificity on 
case-based analysis increased from 83.5% (222/266) to 90.6% (241/266) (P=0.346).  
The mean reading time was 173 seconds without TS and 170 seconds with TS 
(P=0.925). The radiologists’ confidence in their interpretation (Survey 1) improved with TS, 
but not significantly (P=0.733). The median of the confidence level was 3 for both with and 
without TS. The median of the usefulness of TS (Survey 2) was 4, and the minimum was 3. 
The subset, whose positive cases consisted only of infarcts confirmed by DWI, 
comprised 14 positive cases with 42 infarcts (mean size, 14.1 ± 10.0 mm; number of lesions 
per infarction-positive case, 3.0) and 19 control cases. The FOM improved for all readers and 
its mean significantly improved from 0.521 to 0.750 (P<0.0001). The mean sensitivity on a 
lesion-based analysis significantly increased from 26.0% (153/588) to 58.5% (344/588) 
(P<0.0001) with the addition of TS images. The mean FPC decreased from 0.219 to 0.141 
(P=0.628). The mean sensitivity on a case-based analysis significantly increased from 50.0% 
(98/196) to 80.1% (157/196) (P=0.047) (Table 3).  
The mean lesion-based sensitivities for HAS (N=3) slightly decreased from 31.0% 
(13/42) to 28.5% (12/42) (P=0.629), that for EHL (N=5) increased from 34.3% (24/70) to 
67.1% (47/70) (P<0.001), that for CCL (N=23) increased from 25.2% (81/322) to 57.1% 
(184/322) (P<0.0001), and that for DWML (N=9) increased from 19.8% (25/126) to 53.2% 
(67/126) (P<0.001). 
Three representative cases in which the sensitivity improved drastically with the 
addition of TS CT images are shown in Figs 3 to 5. The first infarct is a CCL in the right 
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frontal lobe, which was correctly marked by 21% (3/14) of the readers without TS and 100% 
(14/14) with TS (Fig 3). The second infarct is a CCL in the left frontal lobe, which was 
correctly marked by none of the readers without TS and 93% (13/14) with TS (Fig 4). The 
third infarct is an EHL in the left lateral lobe, which was correctly marked by 7.1% (1/14) of 
the readers without TS and 93% (13/14) with TS (Fig 5). 
On the contrary, there were a total of 3 cases that demonstrated detrimental effects 
of TS (i.e. showed a decrease in sensitivity). Two of the cases were a HAS and an EHL in the 
left cerebral hemisphere. They were both easily noticeable on the current CT and the decrease 
in sensitivity was not significant. The other case depicted a fresh infarct in the pons, and 21% 
(3/14) of the readers were able to mark the lesion correctly without TS but none were able to 
with TS (Fig 6).  
  
Discussion 
Although the superiority of MRI to CT in the detection of strokes is well 
established, CT often remains to be the first choice for suspected stroke patients in clinical 
practice[7–9]. The main reason for this is likely due to the advantages of CT such as better 
accessibility, quicker acquisition time, fewer contraindications and lower cost [9]. 
Considering the advantages and prevalence of CT scanners, we believe that our result of 
improved detection of brain infarcts with TS CT images is significant. It is also noteworthy 
that we recruited as many as 14 readers for the observation performance study, which to our 
knowledge is unprecedented for this type of study. 
The FOM among readers without TS varied from 0.21 to 0.67 and the lesion-based 
sensitivity varied from 0.12 to 0.40. This large difference probably reflects the fact that the 
ability to detect infarcts varies greatly among the readers. However, the result that the FOM 
and sensitivity markedly improved for every reader shows that TS images can enhance this 
ability regardless of the reader’s original detectability of brain infarcts (Table 3).  
The mean reading time did not increase with the addition of TS CT images. Along 
with the improved detectability of brain infarcts and better confidence level and usefulness 
from the survey, the result suggests that the addition of TS CT images does not pose a burden 
on the reader as a whole. The question remains as to whether the decrease in time is a result 
of the readers’ reduced viewing time of the current CTs, and as mentioned earlier, the case 
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with a fresh infarct of the pons which revealed a detrimental effect of TS suggests the 
possibility that this may indeed be true. 
The marked improvements in the detectability with TS observed in two CCLs (Fig 
3, 4) were probably due to the rather peculiar shape and locations of these lesions; they were 
both elongated and located roughly parallel to the brain sulci, rendering them 
indistinguishable between infarct and sulci. The TS images were successful in depicting these 
inconspicuous lesions quite apparently.  
As mentioned earlier, CT is prone to beam hardening artifacts and they are 
prominent in the brain stem due to the surrounding skull base [5]. In the case where a 
detrimental effect was seen in the sensitivity of a fresh pons infarct (Fig 6), although the 
lesion is faint, it is detectable on the current CT. However, it is very inconspicuous on the TS 
image since it has been influenced by the different effects of beam hardening and noise on the 
current and previous CTs. This is possibly a disadvantage of the current version of the TS 
technique and needs improvement.  
There were several limitations to this study. First, not all infarcts in the image set 
were confirmed by DWI. We addressed this problem by creating a subset whose positive 
cases consisted only of infarcts confirmed by DWI. The analysis of this subset revealed 
significant improvements in the mean FOM, lesion-based and case-based sensitivity and 
specificity, almost identical to that of the full image set.  
Second, although we carefully defined the gold standard, we cannot completely 
rule out the possibility that the gold standard included other lesions such as demyelinating 
plaque or encephalitis. 
Third, the interpretation session was carried out with thin-slice CT images only. In 
our interpretation session, the slice thickness of TS CT images was equal to that of the 
current image ( ≤ 1 mm), but in a typical clinical setting, brain CT images reconstructed with 
a thickness of 4 to 5 mm are used as well for interpretation. Although thick-slice CT images 
( ≥ 4 mm) might aid the detection of early CT signs where the contrast between cortex and 
white matter is vague, it will likely be challenging to detect small infarcts that are less than 5 
mm in size. Moreover, a guideline by the American College of Radiology for practice 
parameters of brain CT states that for brain CT the slice thickness should be no greater than 5 
mm and as thin as possible for imaging of the cranial base [18]. A recent study showed that 
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thin-slice (0.625 mm) brain CT yields better detectability of intraluminal thrombus than 
thick-slice (5 mm) CT [19]. As such, we did not consider this limitation to be critical in our 
study design. However, it is known that the SNR and CNR increases as the slice thickness of 
CT images increases [20], so there is a possibility that the detectability of EHLs without TS 
might have been underestimated. Therefore it would be premature to conclude that TS CT 
images significantly improve the detectability of EHLs when thick-slice CT images are used. 
Future work is necessary to investigate this.  
Fourth, in order to create TS images with our technique, a previous brain CT must 
be available as thin-slice CT images. Although currently this may not often be the case, we 
expect that more CT images will be stored as thin-slice CT and the TS scheme can be more 
widely applied as the storage cost of images decreases with time and the utility of TS images 
is recognized.  
Lastly, the mean processing time for image registration with LDDMM was 
approximately 20 minutes, which is not trivial considering the importance of detecting EHLs 
in the short time frame allowed. This will hopefully not be a significant problem since the 
computation time can be expected to reduce drastically when the algorithm is further 
optimized and the use of GPU is incorporated. 
In summary, temporal subtraction CT images significantly improved the 
detectability of newly developed brain infarcts without compromising interpretation time and 
showed promise for helping clinicians in their detection. 
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Figure and table legends 
 
Table 1. List of all infarction-positive cases and lesions used for the observer performance 
study. From the left are the age, sex, symptoms, presumed elapsed time since the last onset at 
the time of the current CT scan, number of lesions for all 23 infarction-positive cases, and the 
size, location, method of confirmation (DWI/FLAIR), classification 
(HAS/EHL/CCL/DWML) of all 77 lesions. As the method of confirmation, a circle (○) 
denotes that the lesion was confirmed by the image (DWI or FLAIR), a cross (×) denotes that 
the lesion could not be confirmed on the image, and a negative sign (-) denotes that the image 
did not exist. Note that patient number 3 appears twice since two cases were obtained at two 
different time points from this patient.  
 
Table 2. Statistics of all cases used for the observer performance study. From the left are the 
number of cases, their age distribution according to their sex, and the scan intervals between 
the previous and current CT images for each group (all positive, DWI-positive only, and 
control cases). The table includes two positive cases obtained from one female patient. They 
were treated as independent patients for the calculation of the corresponding values. 
 
Table 3. Results of the observer performance study. From the left are the FOM values, 
sensitivities per lesion, sensitivities per case, specificities per case, number of false positives 
per case, reading times and survey results of the 14 readers for all cases (N=42), and FOM 
values and sensitivities per lesion for the subset (N=33). The subset comprises positive cases 
consisting of DWI-positive infarcts only (N=14) and control cases (N=19). All values are 
mean except for the two surveys which are medians. An asterisk after the number indicates a 
significant improvement between without TS and with TS (P<0.0001). 
 
Fig 1. Comparison of two temporal image subtraction techniques; rigid and non-rigid 
transformations. The (A) previous CT, (B) current CT, (C) TS CT using rigid registration only, 
and (D) TS CT using rigid registration refined with non-rigid registration (in this case, 
LDDMM) are shown. Rigid transformation and subtraction causes minor misregistrations of 
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the brain sulci whereas LDDMM and subtraction can cope with these subtle changes and 
generate better subtraction images.  
 
Fig 2. The mean AFROC plot of all readers. The vertical axis is the lesion localization 
fraction (equivalent to sensitivity) and the horizontal axis is the false positive fraction 
(equivalent to number of false positive cases divided by the total number of control cases). 
The detectability of brain infarctions with TS images is significantly better than that without 
TS. 
 
Fig 3. A case of a 72-year-old male with a fresh infarct in the right frontal lobe (arrow). From 
the left the (A) previous CT, (B) current CT, (C) TS CT, and (D) DWI image (B=1000) are 
shown. The lesion was correctly marked by 21% (3/14) of the readers without TS and 100% 
(14/14) with TS. Another fresh infarct is present in the right frontal lobe. 
 
Fig 4. A case of an 82-year-old male with a fresh infarct in the left frontal lobe (arrow). From 
the left the (A) previous CT, (B) current CT, (C) TS CT, and (D) DWI image (B=1000) are 
shown. The lesion was correctly marked by none of the readers without TS and 93% (13/14) 
with TS. 
 
Fig 5. A case of a 78-year-old female with a fresh infarct in the left lateral lobe (dotted circle). 
From the left the (A) previous CT, (B) current CT, (C) TS CT, and (D) DWI image (B=1000) 
are shown. The lesion was correctly marked by 7.1% (1/14) of the readers without TS and 
93% (13/14) with TS. 
 
Fig 6. A case of an 80-year-old female with a fresh infarct in the pons (arrow). From the left 
the (A) previous CT, (B) current CT, (C) TS CT, and (D) DWI image (B=1000) are shown. 
The lesion was correctly marked by 21% (3/14) of the readers without TS and none with TS. 
Note how the lesion is inconspicuous on the TS CT although they are apparent on the current 
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Supplementary Methods 
Temporal Subtraction Technique 
Temporal subtraction (TS) images were created fully automatically by subtracting the 
transformed previous images from the current images. Figure I shows a flowchart of the 
TS technique for the image transformation and subtraction. Here, all steps of image 
processing were done in the three-dimensional space. These steps are described in the 
following sections. 
 
Step 1: Head and Bone Area Segmentation 
The objective of this step was to extract the bone area from previous and current CT 
images. First, CT images from both time points were resampled to 1 mm isotropic voxels 
to reduce the data size and computational burden in the following image processes. 
Second, median filtering (mask size, 3 × 3 × 3 mm) was performed to reduce noises on 
the CT images. Third, head area segmentation was performed based on a threshold (−200 
HU (Hounsfield unit)) with morphologic operations (opening and closing, radius = 1 
mm) and a hole-filling process. The segmentation result of the head area was used as a 
processing mask in the following bone segmentation process. Moreover, in order to 
shorten the processing time in the following steps, the bounding box that fitted to the head 
area was automatically calculated for each previous and current CT image, and was used 
to crop the CT image. Fourth, a binary mask image that corresponded to the cortical bone 
area was extracted with a 250-HU threshold. Finally, the extracted bone area was refined 
with a morphologic closing process (radius = 20 mm) to fill in holes (Figure II). 
  
Step 2: Rigid Registration 
Previous CT images were globally registered to current CT images via rigid 
transformation. The transformation matrix was calculated by using bone area 
segmentation results of the previous and current images from step 1. The size of the 
previous CT images was matched with the size of the current CT images during this 
transformation process. 
 Step 3: Soft-tissue Emphasis 
A soft-tissue window setting (window level, 35 HU; window width, 150 HU) was applied 
to each resampled CT image. This process converted the value range of the CT images to 
0–255, and emphasized the change in CT values of the soft-tissue region. By emphasizing 
soft-tissue region, our next step was able to capture more specific deformation needed to 
register brain structures of the previous and current CT images. 
 
Step 4: LDDMM Registration 
The images from step 3 were further registered by using the large deformation 
diffeomorphic metric mapping (LDDMM) algorithm [1, 2]. The LDDMM algorithm is 
one of the non-rigid image registration algorithms that originated from Pattern Theory [3], 
which was specifically designed for a large amount of deformation. It is used to compute 
a diffeomorphic transformation between two images while preserving the topology of the 
object. Thus, it has been studied over the past decades for use in applications in the area 
known as computational anatomy [4]. Past studies have shown its strength in magnetic 
resonance imaging neuroscience and biomedical engineering [5–7].  
To deal with large displacement between the previous and current CT images, 
LDDMM was performed by using cascading processing, in which the elasticity of 
transformation was gradually increased [5, 6]. In addition, the cascading processing was 
performed in a coarse-to-fine fashion to reduce computational loads. All of the 
parameters of LDDMM were empirically determined, and the same parameters were used 
for all input image pairs in our experiment. 
 
Step 5: Subtraction with Voxel Matching Method 
TS images were obtained by subtracting the transformed previous images from the 
current images. Note that this process was performed by using soft-tissue-emphasized 
images. Thus, the subtraction was not measured in Hounsfield unit. In addition, for the 
reduction of subtraction artifacts, the voxel-matching technique [8] was employed during 
the calculation of subtraction. The kernel size for the voxel-matching process was set as 
0.3 to 0.8 mm depending on the resolution of the input pair of CT images. 
 
CT Images and Application of Temporal Subtraction Technique 
All CT images were acquired with multidetector CT scanners (Aquilion 64, Aquilion 
PRIME, Aquilion ONE; Toshiba Medical Systems, Otawara, Japan). A head kernel 
(FC67) was used as the reconstruction kernel for all 84 CT examinations (42 pairs). The 
size of the CT images was 512 × 512 pixels and tube voltage was 120 kVp. Tube current 
were 300 mA for 80 CT examinations, 400 mA for two examinations, 270 mA for one 
examination, and 65 mA for the remaining one examination. Gantry rotation time was 
750 msec for 83 CT examinations and 1000 msec for the remaining one examination. CT 
images were reconstructed with a 210 mm field of view (FOV) for 82 CT examinations, 
and FOVs of 198.75 mm and 209.375 mm were used for the remaining two CT 
examinations. The slice thickness ranged from 0.3 to 0.8 mm (mode = 0.3 mm), and 7 out 
of 42 image pairs had different slice thickness for the previous and current CT images. 
Average processing time was 21.5 minutes for the whole calculation process of 
TS images of one pair of CT images. All the steps of image processing were conducted on 
a desktop computer (Intel Core i7-6700K central processing unit 4.00 GHz, 32.0 GB 
memory; Intel, Santa Clara, California). Parallelized computing was implemented, and 
the amount of memory used was approximately 3 GB, depending on the size of the image. 
These steps of image processing were implemented as a pipeline by Canon Inc., and it is a 
proprietary software designed for our study. 
 
  
Supplementary Figure I. Flowchart of our temporal subtraction method. 
 
  
Supplementary Figure II. Examples of the image processing results of our temporal 
subtraction method. A, CT image after resampling (WL = 35, WW = 250), B, extracted 
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